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ABSTRACT 
 Phragmites australis is a common reed that invades wetlands and 
marshes in North America.  Recent expansion of this invasive species into the 
Great Lakes wetlands has caused concern amongst scientists, as the invasion of 
this species has been shown to have detrimental consequences within 
ecosystems, reducing species diversity, changing the structure and function of 
wetlands, and threatening important food sources and habitat for wildlife 
(Meyerson et al., 2000). Remote sensing technology has allowed resource 
managers and scientists to analyse wetland change or monitor vegetation within 
wetlands seasonally or yearly due to the repeated coverage. The Essex Region 
Conservation Authority reported that Phragmites expansion has greatly 
increased since the mid 1990s, replacing cattail and purple loosestrife which 
have been dominant in Essex County. Due to the limited study conducted on 
Phragmites expansion within River Canard, located in Amherstburg, Ontario, this 
study examined the temporal and spatial extent of Phragmites from 1989 to 
2009. Remote sensing imagery and aerial photographs were used to delineate 
and map Phragmites expansion, and provide effective maps showing the gradual 
increase and in-land spread of Phragmites within the study years. While only a 
portion of the River Canard which drains into the Detroit River was studied, this 
research helps to provide a starting point and guide for future Phragmites 
modelling within Essex County using aerial photographs and remote sensing 
images. 
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CHAPTER 1 
INTRODUCTION 
 
Vegetation is one of the vital components to ecosystems, as nearly 70 
percent of the earth’s land surface is covered with vegetation (Jensen, 2007). 
Wetlands are valuable ecosystems that provide habitat to waterfowl and other 
species that depend on wetlands for their survival. A change in vegetation within 
wetlands greatly affect the species that live within these wetlands as such 
change and the introduction of invasive species can affect food sources and 
nesting grounds for the waterfowl, alter resource utilization, modify trophic 
structure, alter dune ecology or displace rare native species (Chambers et al., 
1999).  
1.1 Introduction and Background 
Phragmites australis (Cav.) Trin. ex. Steudel (or Common Reed, 
hereafter Phragmites) is an invasive plant species that has origins in Europe and 
Asia and is native to all continents, excluding Antarctica. In North America, fossil 
samples found at archaeological sites in the Southwestern United States 
(Hansen, 1978) and paleoecological studies conducted along the Atlantic and 
Pacific coasts (Orson, 1999) have shown the occurrence of Phragmites dating 
back 40,000 years. However, within the past century there has been an increase 
in spread of Phragmites (Chambers et al., 1999). Phragmites has been 
expanding throughout many wetlands within the Great Lakes region, degrading 
waterfowl habitat and reducing biodiversity (Wilcox et al., 2003). Within wetlands, 
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Phragmites is known to reduce plant diversity and species richness, alter nutrient 
cycling, and alter soil conditions (Meyerson et al., 2000). 
With the rapid expansion of Phragmites within North American wetland 
ecosystems, scientists are concerned that Phragmites could have detrimental 
consequences within ecosystems as species diversity within watersheds decline 
after the introduction of Phragmites (Meyerson et al., 2000). Despite the threats 
associated with the introduction of this species, or the concern arising from the 
possible consequences that might be, few studies have been conducted on the 
distribution or expansion of Phragmites within wetland environments of the Great 
Lakes.  
One-third of the total wetlands in Canada are located in Ontario, with the 
Great Lakes being a globally significant ecosystem that is home to rare animals 
and vegetation communities (Ministry of Natural Resources, 2008). However, it 
has been estimated that 71% of the total number of wetlands within the lower 
Great Lakes has been lost or degraded (Mitsch and Gosselink, 2007). Marshes 
within this region are considered unstable as they are constantly modified due to 
yearly factors of varying rainfall, flooding, lake levels, and herbivory (Mitsch and 
Gosselink, 2007). These habitat-deprived areas are favoured as suitable 
breeding grounds for exotic species due to their ability to survive in unfavourable 
conditions, adaptability to new environments, high reproductive capacity, and the 
lack of predators (Mills et al., 1993).  
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1.2 Effects of Growth of Phragmites in a Freshwater Wetland 
Phragmites is a colony-forming grass that thrives in brackish and 
freshwater environments with salinity ranging from 0 to 10 parts per thousand 
(Meyerson et al., 2000). It has a cosmopolitan distribution and typically grows as 
dense homogeneous colonies, growing along stream terraces and shorelines; on 
slightly elevated ridges; in wetland-upland interfaces of marshes, swamps, and 
prairie potholes; and on levees (Stutzenbaker, 1999), where it competes with 
other wetland plants. Drainage ditches also serve as habitats that facilitate the 
spread of Phragmites, acting as a corridor for the spread and invasion of 
wetlands by this species (Jodoin et al., 2007).  
Phragmites grows in areas with lower water levels or reduced flooding 
periods, as these factors create favourable hydrological conditions for expansion 
of this reed (Environment Canada, 2006). Because of the poor photosynthesis 
observed by this plant under water, only tall shoots can be photosynthetically 
effective in deep water, allowing for the successive growth of the species 
(Mauchamp, Blanch and Grillas, 2001). Seasonally, the maximum height and 
biomass of Phragmites stems and flowers occur in mid-summer (late July to mid-
August). By autumn, horizontal rhizomes are produced from vertical rhizomes 
that help support the aboveground stems, and energy is stored underground in 
order to sustain the germination of buds that will emerge within the following 
spring (Haslam, 1972). 
For many invasive species, the cause of a wide-spread invasion is often 
not studied until a significant expansion over an area has occurred. There are 
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four possible changes in environmental conditions that have been connected with 
the spread of Phragmites, as noted by Galatowitsch, Anderson and Ascher 
(1999): increased nutrient loading, vegetation removal, altered hydrology, and 
increased salinity. 
i. Increased Nutrient Loading 
Phragmites has been shown to grow rapidly in areas with a high level of 
nutrient content, in particular nitrogen. While Phragmites grows in oligotrophic 
areas of lower water levels or reduced flooding periods, usually within 0.75 
metres, it has been known to extend into deeper waters of eutrophic lakes 
(Haslam, 1972). However, Ostendorp (1989) noted that high levels of available 
nutrients in both soil and lake water have a negative effect on Phragmites, 
resulting in a reed die back.  
ii. Vegetation Removal 
Phragmites has been documented as growing in areas of reduced 
vegetation and increased barren, moist land. Waste sites from industrial land use 
and construction activities, dumps and waste ground, highway construction 
areas, and areas exposed after water level retreat have all been found to be the 
ideal conditions for the increased growth. This is due to two reasons: the fact that 
these areas are often barren areas where no competing vegetation is found, and 
water has receded, exposing bare, moist soil to the susceptibility of Phragmites 
invasion.  
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iii. Altered Hydrology 
The expansion of Phragmites is determined by the water-level conditions 
that occur during the growth season from the previous year (Hudon, Gagnon and 
Jean, 2005). Phragmites is found in low-lying areas that are susceptible to 
flooding. The reed has a low tolerance to the mechanical damage caused by 
waves and floating water, which can break its culms, or vertical stems, and 
impede bud formation in the rhizomes (Ostendorp, 1989). Phragmites can grow 
at water depths of 2 metres or more, however, a more favourable depth is 
between 0.5 and 1 metre. Thus, flooding protects reed-beds and young shoots 
from frost, encouraging early emergence and decreasing the occurrence of frost 
damage.  There is a positive correlation between air temperature and depth at 
which growth is possible for Phragmites, as it has been reported that in hot 
climates there have been an occurrence of Phragmites growth (Haslam, 1972). 
This is due to the phraetophytic nature of Phragmites, where rhizomes can 
extend 2 meters below ground, allowing the plant to reach low-lying ground 
water. While there is a correlation of height with temperature, there are other 
factors that affect the height, such as competition, nutrient status, grazing, and 
reed biotype (Haslam, 1972).  
iv. Increased Salinity 
Water salinity has been linked to the spread and distribution of 
Phragmites within an area due to the fact that this weed is known to be more 
tolerant of saline conditions than other freshwater vegetation. Road salt runoff 
promotes the expansion of Phragmites along roadside ditches and inland 
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wetlands within the vicinity of roads due to the increased salinity of the soil 
(Galatowitsch et al., 1999).  Recent expansion of Phragmites within the mid-
Atlantic and Mississippi River delta coastal wetlands have been related to 
saltwater intrusion associated with sequential tropical storms (Galatowitsch, 
Anderson and Ascher, 1999). Studies have found that germination of the weed is 
found in conditions of moderate salinity of 5 to 10 g/L, suggesting that 
abandoned coastal areas become salinized beyond the limits of that tolerable by 
freshwater species and are then invaded by Phragmites (Wijte and Gallagher, 
1996).  
1.3 History and Occurrence of Phragmites within North America 
Research by Saltonstall (2002), comparing two noncoding chloroplast 
DNA regions from worldwide samples of Phragmites, found that an invasion of a 
non-native genotype of Phragmites, haplotype M, is the leading cause for the 
rapid expansion and invasion of the common reed among wetlands and inlands 
within North America, displacing native strains and expanding into regions that 
were deficient of Phragmites (Figure 1). This exotic genotype grows taller and 
produces larger amounts of leaf and stem biomass than the native genotype 
(League et al., 2006). A study conducted by Rudrappa et al. (2007) revealed that 
a rhizotoxic compound found in the secretion from the non-native genotype of 
Phragmites is one of the factors for the invasion. This rhizotoxic compound, 
3,4,5-trihydroxybenzoic acid (gallic acid), is secreted from the root of Phragmites 
into the surrounding soil, damaging the microtubule assembly and inhibiting the 
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root growth of neighbouring plants. This non-native genotype has been found to 
secrete more gallic acid compared to native genotypes (Rudrappa et al., 2007).  
While the reason for this expansion of the non-native species remains 
unknown, it has been suggested that causes to this expansion could stem from 
human activities which cause disturbance or stress within habitats, hydrologic 
regime changes or soil salinity increase (Saltonstall, 2002).   
 
Figure 1: Distribution of Phragmites in North America. The invasive haplotype (or 
genotype) has been increasing its dominance (b and d) within the past 100 
years (adopted from Saltonstall, 2002). 
Earlier research work, done by McNabb and Batterson (1991), mapped 
Phragmites occurrence along roadsides within the Michigan Lower Peninsula 
between the years of 1987 and 1989 using only research observations in field 
work. This research found Phragmites distribution along the southeast border of 
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Lower Michigan along the Lake Erie shoreline. Included in this report was a 
probability assessment of Phragmites occurrence compared to a series of 
factors: neither well-drained nor excessively wet habitats had the occurrence of 
the weed; areas of well management practices that include frequency of mowing 
did not include the occurrence of Phragmites; and areas with road-side activities 
had no occurrence of Phragmites.  
Aside from Phragmites occurring within the Great Lakes region, there are 
also other invasive species common to the region, including curly-leaf pondweed 
(Potamogeton crispus), eurasian watermilfoil (Myriophyllum spicatum), flowering 
rush (Butomus umbellatus), purple loosestrife (Lythrum salicaria) and two non-
native types of cattail (Typha angustifolia and Typha glauca) (GLIN, 2009; OFAH, 
2010). In the area examined by this research, the Essex Region Conservation 
Authority reported that cattail and purple loosestrife have been dominant within 
the region since pre-1992 and 1995, respectively.  
A recent study conducted by Laba et al. (2008) used Quickbird satellite 
imagery to map three invasive wetland plants within the Hudson River. Of the 
three invasive species, they looked in particular to Phragmites and purple 
loosestrife. Phragmites was mapped with an accuracy of 76% while purple 
loosestrife was mapped with an accuracy of <50%.  
1.4 Remote Sensing of Phragmites 
Remote sensing has introduced a new way of obtaining information to 
provide a broad synoptic view of an area, allowing the user to analyse change 
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detection over a period of time. Satellite data have repeated coverage, which is 
of benefit to monitor wetlands seasonally or yearly, providing information on the 
wetland or land cover changes over time (Ozesmi and Bauer, 2002). Use of 
remote sensing imagery is of benefit in studying land cover change of large or 
inaccessible areas, oftentimes providing a landscape perspective not available 
from field based studies. Recent remote sensing studies focused on mapping 
coastal and wetland changes, especially in relation to species distribution and 
land-cover change. In the past few decades, numerous studies have monitored 
wetland changes and invasive species, such as Phragmites, using remote 
sensing imagery.  
When satellite imagery cannot be obtained, the use of aerial imagery had 
proved useful and successful. One main benefit of aerial photography use over 
satellite imagery includes the user interpretation of the image such as shape, 
size and colour, much of which is difficult or oftentimes impossible to be obtained 
from satellite imagery. However, there is always the possibility of human error 
associated with this, as with manual interpretation. While aerial photography is 
occasionally a cost-effective alternative to satellite imagery, it is only cost-
effective when looking at a small-scale area, as the cost increases for larger 
spatial coverage.  
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1.5 Methodology 
1.5.1 Research Objectives and Hypothesis 
Because of the limited research conducted on Phragmites distribution 
and abundance within the Windsor-Essex region, this study will examine the 
temporal and spatial expansion of Phragmites in River Canard. Remote sensing 
imagery and aerial photograph interpretation will be utilized to assess the 
changes in Phragmites cover within River Canard for each consecutive year 
during the past two decades. Furthermore, the spatial and temporal growth of 
Phragmites that has occurred in River Canard over the past two decades will be 
mapped.  Specifically, the key management questions structuring this thesis 
were: 
1. What changes in Phragmites cover are occurring in River Canard? 
2. Has there been an increase in Phragmites growth in River Canard? 
3. Does multispectral imagery provide an effective source of mapping and 
monitoring Phragmites as compared to aerial photos? 
Based on the information obtained from the Essex Region Conservation 
Authority, it is expected that there will be a spatial change in Phragmites stands, 
and thus it is hypothesized that:  
There has been an increase in the spread of Phragmites in River Canard 
over the past two decades.  
This research will provide a historical and spatial assessment on the 
spread and invasion of Phragmites within River Canard. This information will be 
useful to the local conservation authority, wetland managers and ecologists in 
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assessing the extent of the invasion during the two decades, identify possible 
causes of this invasion, and conduct restoration and control programs to 
successfully control the spread of Phragmites in the future. A flow diagram is 
provided in Figure 2 of the change-detection procedure utilized in this thesis to 
help answer the questions and accept the hypothesis.   
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Figure 2: Flow diagram of the change-detection procedure for this study. 
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CHAPTER 2 
LITERATURE REVIEW 
 
Satellite data is often the preferred method of mapping vegetation 
species and land cover or analysing change detection within an area over a 
period of time due to the larger image swath width, consistent coverage, multiple 
spectral bands, easy digital storage, and the ability to extract specific features 
with the use of analysis algorithms. However, due to the spatial resolution of 
satellite imagery, it is often difficult to conduct highly detailed vegetative 
investigations in small study areas or to detect small features, such as small 
stands of Phragmites. Thus, different methodologies have been applied to the 
analysis and detection of Phragmites using remote sensing imagery. This 
chapter will identify those methodologies used in various literature. 
2.1 Monitoring of Phragmites with Aerial Photography 
Wilcox et al. (2003) conducted a study to investigate the historical 
distribution and abundance of Phragmites at Long Point, Ontario. Their study 
utilized aerial photographs from 1945 to 1999. Vegetation boundaries were 
identified on the aerial photographs and digitized using GIS software. Fieldwork 
was conducted in August and September of 1999 to verify the accuracy of the 
photo-interpreted vegetation boundaries. Aerial photographs were also used by 
Maheu-Giroux and de Blois (2007) to identify the Phragmites invasion within the 
St-Bruno and Laval study areas in Southern Québec. Different land cover 
categories were identified from both the photographs and field sampling. A 
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regression model was used to reduce any correlation between short distances of 
observed Phragmites stands. A regression analysis to test the significance of the 
regression model was used to assess the goodness of fit. These observations 
were then compared to those conducted at Long Point, Ontario by Wilcox et al. 
(2003). When the two calculations from both studies were overlapped and 
compared, a high intrinsic rate of increase of Phragmites invasion were 
observed, ranging from -0.74 to 0.50 per year.   
2.2 Monitoring of Phragmites with Remote Sensing Imagery 
Landsat Multispectral Sensor (MSS), Landsat Thematic Mapper (TM) 
and Système Pour l'Observation de la Terre (SPOT) have been the foremost 
satellite systems used in the study of vegetation analysis within wetlands 
(Ozesmi and Bauer, 2002). Landsat MSS is of benefit in studying the historical 
change amongst large vegetated wetlands, as the imagery available are cost-
effective and are available for past years. With the launching of Landsat TM in 
1982, this provided a new approach in wetland change identification as band 5 
has the ability to distinguish between different vegetation and soil moisture 
levels. The Landsat ETM+ (Enhanced Thematic Mapper Plus), launched in 1999, 
gave a better resolution of ground cover, with a 15 metre resolution of band 8 
(panchromatic band). However, Landsat ETM+ had not been widely applied in 
wetland mapping and thus its accuracy is not well known. From the literature 
review, it was noted in different studies that the red reflectance band 3 separates 
croplands, barren lands, urban areas, streets and highways; the near- infrared 
band 4 distinguishes water bodies, barren land and croplands; and the mid-
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infrared band 5 has the most agricultural information and is best to delineate 
forest lands, grass lands, croplands and water bodies. 
In a study conducted by Arzandeh and Wang (2003), the authors used 
Landsat TM, SPOT and Indian Remote Sensing Satellite (IRS) to monitor growth 
of Phragmites within Walpole Island, one of the largest wetlands within southern 
Ontario. They used the near infrared and mid-infrared bands (bands 4 and 5) and 
one visible band (band 3) of Landsat TM, band 3 for SPOT, and band 4 for IRS 
to help delineate Phragmites. The overall accuracy of the images ranged from 
82.36 percent (for SPOT + mean2) to 90.94 percent (for TM + mean4).   
Pengra et al. (2007) used Earth Observing 1 (EO-1) Hyperion 
hyperspectral image to monitor and map Phragmites within the west coast 
wetlands of Green Bay, Wisconsin. Hyperion imagery provides a high resolution 
image with 220 spectral bands per pixel, which reduced the total signal-to-noise 
ratio. The atmospheric corrector abroad the EO-1 increases the accuracy and 
corrects errors of surface reflectance caused by atmospheric effects. The 
hyperspectral data have better reflectance than the multispectral data (Figure 3). 
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Figure 3:  Finer spectral measurement of the EO-1 Hyperion, compared to multispectral 
data of Landsat ETM+ (Adopted from NASA website, 
http://earthobservatory.nasa.gov/Features/EO1/eo1_2.php) 
 
2.3 Methods and Techniques  
One common method of categorizing land into various use functions 
includes the use of image classification. There are three main categories of 
classification methods: unsupervised, supervised and combined. Supervised land 
classification involves the individual processing of the imagery using training data 
of known class type. Unsupervised classification involves the clustering of pixels 
with similar spectral values into a single land use category. The combined 
classification method involves the combination of supervised and unsupervised 
classification techniques (Jones and Vaughan, 2010). 
In remote sensing, there is often the case of mixed pixel problem, where 
one pixel may contain multiple land cover types, which reduces accuracy in 
image assessment and increases bias of small land cover types (Kronenfelda et. 
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al., 2010). While there have been different traditional methods of classifying land 
cover types within pixels, none of these methods have been successful in 
identifying the proportion of a particular land cover type that is of interest to the 
analyst. Subpixel processing is a new technique that provides information on the 
proportion of a single feature of interest found within a pixel from a multi-spectral 
image, such as Landsat Thematic Mapper. This process is designed to identify 
pixels that contain a fraction, Fm, of the material of interest, M, within the image. 
All other features within the pixel are regarded as background material, Bm and 
are ranked as a percentage, or material pixel fraction [(1-Fm)], of the spectral 
contribution of the material of interest. This process is shown in the following 
equation (Kronenfelda et. al., 2010): 
Pm = (Fm x M) + [(1 – Fm) x Bm] 
Where:  Pm = Image Pixel 
 Fm = Material pixel fraction 
 M = Material of interest 
 Bm = Background materials 
 
Bailey, A. R. (1997) used a variety of image processing techniques to 
increase accuracy of the TM imagery that was used in Phragmites detection. The 
image processing techniques include supervised classification, unsupervised 
classification and subpixel processing. Within the unsupervised classification 
method, the “cluster busting” technique was used to improve separation between 
classes by separating mixed clusters until “no further spectral separation is 
possible” (Ozesmi and Bauer, 2002). The first set of cluster busting used 25 
clusters, which were then assessed and seven clusters were chosen that best 
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represent areas with Phragmites occurrence. This was then used to extract areas 
of interest from the original masked image. The second set of cluster busting 
used 100 clusters from the already masked image to assess areas of best 
Phragmites representation. This resulted in 44 clusters. The second set of 
clusters were used and labelled as non-Phragmites wetland vegetation. 
In addition to the unsupervised classification technique used in the thesis 
by Bailey (1997), she also used three traditional supervised classification 
techniques were used to identify Phragmites stands within the TM imagery: 
parallelepiped, minimum distance and maximum likelihood. Six training sites 
were used for this method. Because maximum likelihood and minimum distance 
assigns a signature class to all the pixels in the TM image, the results were 
compared with the Phragmites vector boundaries previously produced from the 
aerial photograph. After conducting the processing techniques on the TM 
imagery, it has been noted that “combined classification results perform better” 
when a larger number of training sites are combined together either as a subpixel 
signature or an overlay (Bailey, p. 58).  
Pengra (2005) used numerous processing techniques for identification of 
Phragmites stands using Hyperion Hyperspectral remote sensing imagery: 
Spectral Correlation Mapper (SCM) algorithm and unsupervised classification. 
Spectral Correlation Mapper is an improvement to the Spectral Angle Mapper 
(SAM), which is an analysis algorithm that looks at the angle difference between 
vectors of two different spectra and evaluates the spectra similarity of light 
reflectance within the bands (Kruse et al., 1993). Fifty sample points were 
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collected to be used for the unsupervised classification of the hyperion image. A 
simple stratified sampling was conducted to place random but equal numbers of 
sample points in areas where Phragmites was observed during field work and in 
areas where Phragmites was predicted. This was conducted in order to increase 
accuracy of Phragmites detection within the hyperion image. A two-stage cluster 
sampling was used in order to randomly select and place sample points in order 
to reduce any statistical problems in errors of commission (false identification of 
Phragmites that were not actual Phragmites stands) or omission (actual areas of 
Phragmites that was not identified by the classification).  
Arzandeh and Wang (2003) applied a post-classification comparison 
method to assess change detection of Phragmites within the Walpole Island 
study area. The post-classification comparison technique is a method used to 
produce spectral classification results within each time interval. Subsequently, a 
comparison of each pixel or each segment must be done to identify changes in 
land-cover type (Richardson and Al-Tahir, 2008). While the classification 
accuracy was high, ranging from 82% to 89%, the post-classification technique 
that was used improved the user’s accuracy up to 90% in some images. 
2.4 Models used in the study of Phragmites  
Since the mid-1960s, scientists have used vegetation indices to model 
and extract vegetation variables, aiding in the interpretation of abundance and 
activity of green vegetation (Jensen, 2007). While several vegetation indices 
were developed, implemented and utilized in the past four decades, few indices 
have showed promising results when applied to wetland vegetation studies. This 
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section will review and assess some vegetation indices that have been utilized in 
Phragmites studies, in particular: Normalized Difference Vegetation Index and 
Soil Adjusted Vegetation Index. In addition, statistical analyses that have been 
applied to predict and analyse Phragmites distribution, such as regression trees 
and the logarithmic growth equation, are also explained in this section.  
The Normalized Difference Vegetation Index (NDVI) is widely applied in 
vegetation modelling. NDVI is calculated by dividing the difference between near-
infrared reflectance and red reflectance of vegetation. Healthy vegetation 
absorbs a greater amount of visible light and thus reflects a large value of near-
infrared light. Unhealthy vegetation reflects more of the visible light than it does 
of the near-infrared light. Wang et al. (2005) assessed the relationship between 
NDVI and Leaf Area Index (LAI) for a deciduous forest area, dominantly beech 
(Fagus sylvatica), in Hesse, France. NDVI indices were obtained from three 
types of satellite imagery: the Advanced Very High Resolution Radiometer 
(AVHRR), the SPOT VEGETATION, and the Moderate-resolution Imaging 
Spectroradiometer (MODIS). Their results showed a difference between LAI and 
NDVI. This was attributed to three factors, namely: leaf production, leaf-constant 
and leaf senescence. Yuan and Elvidge (1998) used the NDVI in their land cover 
change study within the Washington D.C. area. After comparison between the 
NDVI and principal component transformation techniques, the authors found the 
NDVI to be useful in their study. However, they reported difficulties in 
differentiating the spectral temporal differences between the two images and in 
the recognition of the vegetation type due to presence of clouds and shadows.  
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While NDVI could be applied in vegetation modelling, there are many 
external influences that can yield incorrect values due to soil colour and moisture 
variation, atmospheric conditions, and dead organic matter presence within the 
canopy. This could therefore produce inaccuracies in the identification of 
vegetation. An improvement to the NDVI is the Soil Adjusted Vegetation Index 
(SAVI), which includes an added canopy background adjustment factor that 
makes up for the differential red and near-infrared reflectance throughout the 
canopy (Jensen, 2007). Due to this adjustment factor, this index is recommended 
for predicting biomass with a high soil to vegetation ratio (Poulin et al., 2010). 
This index, along with other vegetation indices, was used by Poulin et al. (2010) 
for reed structure modelling. By incorporating the adjustment factor for canopy 
background, SAVI was applied to images with low vegetation content, which 
corresponded to the winter or spring months   
Most wetlands are located within close proximity to water bodies. Water 
has a high spectral definition, absorbing most visible and almost all infrared 
radiation. On Landsat TM imagery, visible bands penetrate shallow water and are 
reflected from the bottom, thus producing similar signatures to those from the 
surrounding land. However, the reflected infrared bands 3, 4, and 5 are absorbed 
by the water and are reflected by the surrounding land.  
Classification and regression trees (CART) are used to predict and 
explain the variation of a single dependent variable using one or more predictor 
variables. Response variables can either be categorical (classification tree), 
where the variables are classified into known categories, or numerical 
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(regression tree), where the variables are classified using numbers. A regression 
tree analysis was used by King et al. (2007) in their analysis to predict 
Phragmites distribution, abundance and foliar nitrogen depending on land use, 
salinity, wetland size, and geographical coordinates among 90 wetland sites. 
Cross-validation was conducted on each tree model to determine the most 
appropriate size of the regression tree as well as further validation on the 
predictors that explained the most variance in Phragmites regression tree 
models. The coefficient of determination (r2) for variance in Phragmites 
abundance was found to be 73% when plotted against local-scale development, 
forest-wetland cover, and geographical location. Davranche, Lefebvre and Poulin 
(2010) also used the classification tree analysis to estimate the area of marshes 
covered with Phragmites and other submerged macrophytes within SPOT-5 
imagery. Their overall accuracy of 99% showed Phragmites occurrence among 
the SPOT-5 imagery when plotted against land cover variables calculated from 
Optimized Soil Adjusted Vegetation Index and Modified Normalized Difference 
Water Index within each plot.  
Asaeda and Karunaratne (2000) used a model to simulate the growth 
dynamics of a monospecific stand of Phragmites within freshwater ecosystems. 
Five variables were used in this model to illustrate plant growth: biomass of 
shoots, roots, old rhizomes and new rhizomes. The model was found to be 
capable and effective in predicting the growth characteristics with correlation 
coefficients close to 1.0 for most of the important parameters related to plant 
growth, such as mortality rate, shoot biomass, photosynthesis translocation, 
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temperature constant, and half saturation constant, to name a few. It was found 
that of all the parameters used, the model was most sensitive to the maximum 
specific net daily photosynthesis rate. A principal component analysis was used 
by Ravit et al. (2003) to examine patterns among four sites within two wetlands 
having different site-species combinations based on multivariate sets of enzyme 
activities and fatty acids among Phragmites and Spartina. The PCA found that, 
while it was easy to identify the two species at each wetland area, both species 
clustered close together at one area and clustered further apart at the other area.  
Changes in Phragmites abundance within a study area over a certain 
time frame can be calculated using the logarithmic growth equation, which is a 
measure of the rate of growth of a population, so vegetation changes over time 
within small areas are more comparable to area changes over time within large 
areas (Rice et al., 2000). The logarithmic growth equation is represented by the 
following: 
 =  

 
Equation 1: Intrinsic Rate of Growth 
where: 
 = Total area at time 1 
 = Total area at time 0 
 = Base of natural logarithm (a constant equal to 2.718281)  
 = Rate of growth, expressed as a fraction of 1 
	 = Difference in years between time 1 and time 0 over which growth is to 
be calculated 
 
This equation was used in the study conducted by Wilcox et al. (2003). 
This study assessed the occurrence of Phragmites between the years of 1945 
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and 1999. The intrinsic rate of increase was calculated for the area of study, 
which was then overlaid on the digitized vegetation boundaries from the aerial 
photographs. It was found that, while Phragmites occurrence had fluctuated 
between the years of 1945 and 1995, Phragmites area increased by 50% per 
year between 1995 and 1999, from 18 hectares to 137 hectares. A recent study 
conducted by Maheu-Giroux and de Blois (2007) utilized the logarithmic growth 
equation to analyse the change in Phragmites within the St-Bruno and Laval 
study areas in Québec. It was found that in the study period, from 1985 to 2002, 
the intrinsic rate of increase ranged from 34% in 1985 to 19% in 2002. Rice et al. 
(2000) conducted a study in the Chesapeake Bay tidal marshes of Maryland, 
applying the logarithmic growth equation to analyse the distribution of Phragmites 
in air photographs within the time period of 1938 to 1995. The intrinsic rate of 
increase of Phragmites within the observed time period was within the range of 
1% to 19% per year. 
2.5 Study Relevance 
The logarithmic growth equation was used for this study to help assess 
the total Phragmites aerial change within the study area for the two decadal time 
periods. While vegetation indices are helpful in the study of vegetation 
interpretation, the study area lacks a cosmopolitan abundance of vegetation. As 
can be seen in Figure 4, the majority of the area is comprised of rural or 
agricultural land.   
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Figure 4: Land-use in study area. 
In addition a 3-4-5 band combination, which offers added delineation for 
land-water boundaries and is useful for soil and vegetation analysis was used in 
this study to helpfully differentiate vegetation types and delineate plant species.  
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CHAPTER 3 
AERIAL PHOTO ANALYSIS 
 
3.1  Study Site 
River Canard is a small meandering stream part of the 99 hectare 
Canard Valley Conservation Area, located in Amherstburg, Ontario (42.0741°N, 
83.0636°W) (Figure 5). River Canard is joined by seven major tributaries, 
connecting with Lake Erie through Big Creek and Cedar Creek, and Lake St. 
Clair through Pike Creek watershed. The river flows in a westerly direction, 
draining approximately 159 km2 into the Detroit River from its source. It is 
approximately 25 km long with a mean annual discharge of 3.2 m3 s-1 (Leslie and 
Timmins, 2005). The average depth of the river is 1.2 metres, and it has a 
maximum depth of 2.4 metres (Winner and Hartt, 1969). The river bottom 
contains bedrock that is dominated by Devonian limestone and poorly drained 
soils (Leslie and Timmins, 2005). Water runoff from surrounding cultivated 
cropland strongly influences water quality due to the history of pesticide, 
herbicide and fertiliser application within the agricultural community, and intense 
vehicular traffic from several major roadways produces detrimental effects on the 
surrounding ecosystem (Leslie and Timmins, 2005). 
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Figure 5: Location of River Canard (Amherstburg, Ontario). 
 28 
 
 
The vegetation that is found within the study area is quite diverse, which 
include numerous native animal and plant species including those listed as 
“species at risk”. A large population of American Lotus (Nelumbo lutea) is found, 
one of the largest populations within the province. Other vegetative species 
found within the watershed include Perfoliated Horse Gentian (Triosteum 
aurantiacum), Nodding Wild Onion (Allium cernuum), Swamp Rosemallow 
(Hibiscus moscheutos), Wild Rice (Zizania), Shumard’s Oak (Quercus 
shumardii), Kentucky Coffee-tree (Gymnocladus dioicus), Big Shellbark Hickory 
(Carya laciniosa), Red Mulberry (Morus rubra), Goldenseal (Hydrastis 
canadensis), Green Dragon (Arisaema dracontium) and Hop Tree (Ptelea 
trifoliate) (ERCA, 2010). In addition, the Canard Valley Conservation Area is 
home to the Kentucky coffee-tree, which is native to Canada. The marsh in River 
Canard is a major resting and feeding ground for the canvasback duck (Aythya 
valisineria) on the Detroit River. 
Within River Canard, larger aerial extend of Phragmites stands are 
located closer to the mouth of the river where it drains into the Detroit River and 
smaller stands of Phragmites are present growing along the river.  Due to the 
length of the river, time constraints, and the resolution of the satellite images, 
only the mouth of River Canard was evaluated in this study. The site studied has 
a total area of 1550.84 ha. 
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3.2  Data Acquisition  
3.2.1 Training and Field Data Collection 
Methods required for the classification of remote sensing imagery rely on 
some reference data from ground cover features to assist in identifying features 
within the image. In order to obtain these ground control points (GCPs), field 
work was completed in August, 2010. A total of ten GPS points were taken at the 
edges of large Phragmites stands using Garmin GPS60 unit (Figure 6).  
 
Figure 6: GPS points location within study area. 
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GCPs were obtained around roads or accessible driveways as other 
patches of Phragmites stands were inaccessible, either located in backyards or 
among water bodies. These GCPs are located mostly within the centre of the 
study area, due to the inaccessibility issues. In addition, the GCPs delineate 
larger patches of Phragmites stands, which allow for the identification of 
Phragmites within the air photos and remote sensing images. Photographs and 
notes were taken of the observed aerial coverage, and a rough sketch was 
outlined of the extent of Phragmites patches using maps printed from Google 
Maps. See Figure 7 for examples of field work pictures.  
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At GPS point 2 At GPS point 3 
  
At GPS point 6 At GPS point 7 
Figure 7: Phragmites stands within study area at different field points (GCPs). 
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After field work, the GPS points were downloaded into an Excel 
spreadsheet from the GPS unit. This was then imported into ArcMap 9.3 software 
where it was then converted into a shapefile. This shapefile was used in both the 
Idrisi Kilimanjaro software and the ArcMap 9.3 software. As noted above, the 
study area has a total area of 1550.84 ha. This was digitized as a square polygon 
in ArcMap 9.3 and used throughout the study for both aerial photographs and 
satellite images. Throughout the maps in this thesis, the study area is 
represented as a red polygon. 
3.2.2 Aerial Photo Acquisition 
Historic black and white aerial photographs were provided by the Essex 
Region Conservation Authority for the year 1989 as 25x25 centimetres stereo 
pairs with a scale of 1:8,000. A total of 23 photographs that spanned the study 
area were used. These were then scanned in JPEG format at a resolution of 300 
dots per inch (dpi) in order to achieve the best clarity while minimizing file size. 
Details regarding the historic aerial photographs are provided in Table 1. In 
addition to the historic aerial photographs, a 2008 raster colour image was used, 
provided by the County of Essex. The geographical extent of the raster image 
encompasses the study area. This raster image, obtained in the form of a 
Seamless Image Database (.sid) file, provides a high resolution of 0.10 metres, 
beneficial for identifying smaller land features. The raster image format is a 
georeferenced raster graphic with a UTM Zone 17N coordinate system.  
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File Name Date Flightline 
Number 
Photo Number Resolution 
(m) 
1989_16 August 9, 1989 16 62, 64, 65 0.70 
1989_17 August 9, 1989 17 1, 2, 3, 4 0.70 
1989_18 August 9, 1989 18 1, 2, 3, 4, 5, 6, 7 0.70 
1989_19 August 9, 1989 19 42, 43, 44, 45, 46, 
47, 48, 49, 50 
0.70 
2008 Air Photo April, 2008 N/A N/A 0.10 
Table 1: Historic Aerial Photography 
 
3.2.3 Aerial Photo Preprocessing 
All scanned aerial photographs were georeferenced to the 2008 raster 
image using identifiable features such as road intersections and historical 
features. GCPs collected during field work in 2010 were also used in the 
georeferencing process, which were selected at locations common and clearly 
identifiable on both the aerial photographs and base map. The georeferencing 
process was conducted in ESRI’s ArcMap 9.3 software, using “Georeferencing” 
tool. During the georeferencing process, each aerial photo was added separately 
to the specific extent display using the “Fit to Display” in the georeferencing 
toolbar. Each control point was linked using known positions within the aerial 
photographs, or “target” points which appear as green crosshairs during the 
process, with known raster dataset positions, known as “source” or identified 
points which appear as red crosshairs (Figure 8).  
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Figure 8: Georeferencing process of aerial photographs. 
As noted in Campbell (2007), GCPs should ideally be distinct areas as 
small as a few pixels, such as highway intersections, water body edges, or land-
cover parcel edges which must be identifiable on both the image and on a 
georeferenced map. Identifiable features, such as road intersections, corners of 
buildings or corners of established fields, were used as control points, as can be 
seen in the example of ground control points within Figure 9.  
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Figure 9: Examples of ground control points identified on both 1989 air photo (left) and 
2008 raster image (right). 
As noted in ArcGIS Desktop Help 9.3, the best results are produced by 
using at least one control point near each corner of the raster dataset and having 
a few control points throughout the interior of the image being georeferenced 
(ESRI, 2009). Thus, a total of six control points were used – one for each corner 
of the image and two for the interior of the image. GCPs were also utilised in 
order to reduce the root mean square (RMS) error and keep it at a minimum 
(Figure 10).  
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Figure 10: Example of RMS Error tablular output in ArcMap 9.3 with accompanying 
images. 
The RMS is a measure of the difference between true locations 
(coordinate system) and those that have been generated (digitized). While the 
RMS error reports errors among the GCP locations, it is beneficial in selecting 
the most useful GCPs for georeferencing (Campbel, 2007). Table 2 shows the 
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total RMS errors of each image. The specified coordinate system of the 2008 
raster image is UTM Zone 17N.  
Image Root Mean Square (RMS) Error 
(in metres) 
1989_16_62 
1989_16_64 
1989_16_65 
0.892 
1.020 
0.891 
1989_17_1 
1989_17_2 
1989_17_3 
1989_17_4 
0.792 
0.815 
0.953 
1.002 
1989_18_1 
1989_18_2 
1989_18_3 
1989_18_4 
1989_18_5 
1989_18_6 
1989_18_7 
1.884 
1.909 
0.982 
0.901 
0.767 
0.811 
0.623 
1989_19_42 
1989_19_43 
1989_19_44 
1989_19_45 
1989_19_46 
1989_19_47 
1989_19_48 
1989_19_49 
1989_19_50 
1.982 
1.509 
1.721 
0.544 
0.687 
1.102 
1.098 
0.708 
0.668 
Table 2: Root Mean Square Error of the georeferencing process of each aerial photograph. 
Overall, the RMS error was low. In some areas a higher RMS was 
experienced due to the lack of identifiable features common in both images, or 
the majority of the aerial photo encompassed a water body, thus being harder to 
obtain control points. In general, a lower RMS error represents a greater 
accuracy of the transformation (ESRI, 2009).  After each aerial photograph was 
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georeferenced, it was saved as a new jpeg image using the “Rectify” option 
within the georeferencing tool.  
3.2.4 Aerial Photograph Interpretation and Digitizing  
Phragmites commonly appeared as dense, reddish patches in the 2008 
colour raster photo and as medium gray tones with solid fine textures in the black 
and white aerial photography. By using the 2008 raster image, polygons were 
digitized around identifiable Phragmites stands in ArcMap 9.3 at a scale of 1:500. 
This allowed for an accurate delineation of Phragmites patches without obstructing 
the resolution of the raster image. At this scale, Phragmites patches of 900 squared 
metres in area or larger were digitized. This was determined by calculating the total 
area of each polygon digitized within the attribute table in ArcMap. Those polygons 
digitized at less than 900 squared metres were deleted and not included in the 
analysis. A total of 137 shapefiles were digitized from the 2008 image, with a 
combined area of 152.39 hectares. 
Using the 2008 polygon shapefile as a guide, the digitization of Phragmites 
was identified on the 1989 photos by comparing colour and texture within the known 
polygons and digitizing areas of similar colour and texture throughout the photo. 
Figure 11 shows the comparison in colour and texture within the same area as 
seen in both 1989 and 2008 images. The digitization procedure was kept at a scale 
of 1:1,000 due to the poor resolution of the air photos. Areas less than 900 squared 
metres were not included due to the combination of poor resolution of the images as 
well as the lack of Phragmites patches at the time. A total of 70 shapefile were 
digitized from the 1989 image, with a combined area of 150.33 hectares. Please see 
Appendix B for the maps of the digitized Phragmites stands for 1989 and 2008. 
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Phragmites appearance in black and white photography 
 
Phragmites appearance in colour aerial photograry 
Figure 11: Phragmites appearance comparison between 1989 air photo image (top) and 
2008 raster image (bottom).  
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CHAPTER 4 
SATELLITE IMAGE ANALYSIS 
 
There are many common image processing functions available in image 
analysis systems, which can be categorized into four categories: image 
preprocessing, image enhancement, image transformation and image 
classification and analysis. The steps taken in processing the remote sensing 
imagery for this thesis is described further.  
4.1 Satellite Image Acquisition 
Satellite data spanning a period of seventeen years was used for this 
thesis. All of the imagery from 1992 to 2009 was obtained from the Landsat 
Thematic Mapper (TM), except for 2001, which was obtained from the Enhanced 
Thematic Mapper (ETM+). Due to the fact that band 7 failed on the satellite for 
the subsequent years following 2001, this resulted in striping of the images, thus 
TM images for 2004, 2007 and 2009 were used. Table 3 further shows the 
specifications of the satellite data used in this study. The satellite images 
represented the entire Essex County area. The acquired satellite images were in 
geoTIFF format which included the reference system UTM Zone 17N.  
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Satellite Data Acquisition 
Date 
Bands Wavelength (μm) Resolution 
(m) 
 
Landsat 
Thematic 
Mapper (TM) 
1992 08 29 
1995 09 23 
1998 08 14 
2004 09 15 
2007 09 24 
2009 09 13 
 
1 
2 
3 
4 
5 
0.45 – 0.52  
0.52 – 0.60  
0.63 – 0.69  
0.76 – 0.90  
1.55 – 1.72  
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Enhanced 
Thematic 
Mapper Plus 
(ETM+) 
2001 08 14 
 
1 
2 
3 
4 
5 
0.45 – 0.515  
0.525 – 0.605  
0.63 – 0.690  
0.75 – 0.90  
1.55 – 1.75  
 
 
30 
Table 3: Specifications of the satellite data used in this study. 
 
4.2 Image Preprocessing  
Preprocessing techniques, sometimes referred to as image restoration 
and rectification, are normally required for easy visual interpretation and 
understanding of imagery before the main data analysis and information 
extraction are conducted. These preprocessing techniques are generally 
intended to correct for sensor-specific radiometric and geometric errors or 
distortions of data.  
Within Idrisi Kilimanjaro version 14.002, each image was imported using 
“Landsat ETM data to Idrisi” conversion tool within the “Government/Data 
Provider Formats” in the File menu. This conversion tool imports the images as 
geoTIFF images and converts the images into Idrisi raster image files. Each Idrisi 
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raster image is comprised of two parts: the image file and a corresponding 
documentation file, which consists of the metadata to display and manipulate the 
image. Because the satellite raster images encompass the entirety of Essex 
County, the ArcMap shapefile of the study area was used in Idrisi to ensure 
correct extent of the study area during analysis to exclude areas outside of the 
study area.  
Using the images for the year 2009, different band palettes or 
combinations were used to decide on the best bands to use for this study. The 
2009 bands were used for this analysis to better assist in finding the best bands 
to use due to the fact that there is a one year difference between the raster air 
photo and satellite images, the 2008 raster air photo was processed and 
Phragmites stands were delineated in Chapter 2. Using the 2009 satellite images 
will help to better assess the band combination for this study. Composite images 
were created for each year using bands 3, 4 and 5 for classification purposes 
using the DISPLAY menu in IDRISI, and used a “linear stretch with saturation 
points” (Figure 12).  
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Composite 345 
 
Figure 12: 1992 composite image of bands 3-4-5.  
This process produces a 24-bit color composite image from three bands for 
enhanced display and visual analysis. From the composite image, Phragmites 
stands were seen in a dark olive green tone, clearly differentiable from forest or 
agricultural lands which appear as a lawn green or coral (Figure 13). When the 
2008 digitized shapefile was overlaid on top of the satellite image, correct 
Phragmites area was further identified on the satellite image. 
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Figure 13: Colour comparison of Phragmites stands from other land cover (top) and actual 
Phragmites stands from 2008 data processing (bottom). 
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4.3  Image Classification 
Image classification is a common method of categorizing land into 
various use functions. This procedure assigns data cells to one of many groups 
of land-cover classes/features depending on the reflectance values within the 
area on the image. There are three main categories of classification methods: 
unsupervised, supervised and combined (see Chapter 3). Due to time 
constraints, only unsupervised and supervised classification were conducted for 
this research.  
4.3.1 Unsupervised Classification 
Unsupervised classification of an image is the process of grouping and 
classifying individual pixels according to their reflectance values. This technique 
does not require any feature information input by the user. There are two 
methods in Idrisi to perform an unsupervised classification: ISOCLUST (iterative 
self-organizing cluster analysis) and CLUSTER. Both modules are located in 
“Hard Classifiers” in the Image Processing menu.  
ISOCLUST allows the user to identify which band Idiris should use for 
classification as well as the number of classes to use in categorizing the land 
cover features into. Because the user decides the number of clusters to be 
produced, it is common to request a large number of clusters and, with the help 
of ground truthing or scientific reasoning, group the various categories into a 
smaller number of categories. Because this module assigns the pixels to their 
nearest cluster location, the pixels might be classified falsely as the surrounding 
land cover type. The CLUSTER module produces a cluster analysis using a 
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histogram peak selection technique, whereby each peak on a histogram 
represents clusters of frequent values which relates to the commonly occurring 
land cover types (Eastman, 2003). The CLUSTER module (cluster analysis) was 
used for the unsupervised classification method because the software uses a 
histogram peak technique to assign the number of clusters and group clusters 
with similar spectral responses together instead of user-determined cluster 
numbers as in ISOCLUST.  
Cluster analysis 
The cluster analysis module in Idrisi works by grouping spectral response 
patterns from multiple bands into clusters that are statistically separable, called 
spectral classes. These spectral classes are nominal, in that the software labels 
these classes as cluster 1, cluster 2, etc., which is not related to ground cover 
type. The goal of this procedure is to produce a structure in the data as a whole, 
where each cluster belongs in a group that is similar to one another and where 
each cluster is different from other clusters.  
A cluster analysis was conducted using CLUSTER module from “Image 
Processing/Hard Classifiers” menu in Idrisi (Figure 14). An image group file for 
the three bands selected - bands 3, 4, 5 - was first created using the “Collection 
Editor” under the File menu. This made it easy to import the three bands into the 
cluster module.  
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Figure 14: CLUSTER window showing input values. 
There are two types of clusters that can be produced: broad and fine, 
which use different decision rules to break up the histogram into different peak 
clusters. Fine creates more clusters than broad. Both types were conducted 
during the analysis. However, broad cluster did a poor job in clustering any land 
types around River Canard, classifying the entire land cover into one cluster (as 
seen in Figure 15 for the 1992 bands). Thus, it was decided that a fine cluster 
analysis would be best used. The output image was specified to be the year of 
the bands followed by “clusterfine” to distinguish that this was a fine clustering 
that was conducted on the bands. 
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Figure 15: 1992 Broad cluster analysis result. 
 
Using “retain all clusters” as the clustering rule, a total of 38 clusters 
were produced to represent different land cover types for the 1992 bands (Figure 
16), whereas using “drop least significant cluster” with a percentage of 1.0, a total 
of 5 clusters were produced (Figure 17). Selecting a maximum number of 
clusters allows for an improved interpretability of the classified image by reducing 
“cluttering”. The photo-interpreted vector shapefile of the Phragmites stands from 
both 1989 and 2008 years were applied on the cluster images. Visually 
assessing the cluster images and the vector shapefile, a total of 3 clusters 
appeared to best represent the Phragmites areas when a maximum of 15 
clusters was used, and a total of 2 clusters appeared to best represent the 
Phragmites area when a maximum of 10 clusters was used. Thus, “set maximum 
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number of clusters” was used with a maximum of 10 specified for all the years 
(see Appendix C for the cluster imagery of the years).  
 
Figure 16: Fine cluster analysis of 1992 image using "retain all clusters". 
 
 50 
 
 
Figure 17: Fine cluster analysis of 1992 image using "drop least significant clusters". 
 
Figure 18: Fine cluster analysis of 1992 image using "10 Maximum Number of Clusters". 
  
4.3.2 Supervised Classification
Supervised classification of an image is the process of developing 
spectral signatures from specified locations 
training sites, in the image
reflectance values in other a
methods are available to assign the unknown pixels to a known class: hard 
classification – which is a process of assigning each pixel to one and only one of 
the training classes – 
identification number that represents each land use type. 
classification methods are available within the Idrisi software. Because each set 
of training classes and images are unique, each method has its
drawbacks. Thus no one method is “the best”. Within this study, two hard 
classifiers (MINDIST and MAXLIKE) and one soft classifier 
used, located in the Image Processing menu of the software. 
In order to perform a supervised c
each land use type was identified
Rural/Agricultural Land
digitized, around each training site, 
A “Digitize” window appears to select 
value. For the layers, “training
represents the image study year)
polygon was chosen as the layer type. 
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with known land covers, known as 
 to identify cells with similar spectral patterns and 
reas within the image. Furthermore, a wide variety of 
or soft classification – by which each pixel is given an 
Wide selections of 
(BAYCLASS) were 
 
lassification, known training sites for 
: 1) Roads, 2) Water, 3) 
 and 5) Wooded Areas. Polygons were
using the digitize icon  within t
filename, data type, layer type and ID 
xxxx” was selected as the filename
, integer was selected as data type, and 
The ID values were assigned to different 
 benefits and 
Phragmites, 4) 
 created, or 
he software. 
 (where xxxx 
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land features, using short file names in the Idrisi software due to a 10 character 
limitation in attribute names (Table 4).  
ID Land Features Idrisi Field Name 
1 Roads/Urban Roads 
2 Water Water 
3 Phragmites Phragmites 
4 Rural/Agriculture Agri 
5 Wooded Area Wooded 
Table 4: Land cover types assigned for supervised classification procedure. 
Due to the poor resolution and some incomprehensible colours of land 
cover type of the satellite images, the 1989 and 2008 polygon shapefiles were 
obtained from the Essex Region Conservation Authority that helped to delineate 
the land cover types within the study area. These shapefiles represent the 
entirety of the Windsor-Essex region; however only the data representing the 
region of the study area was utilized and the data outside of the study region was 
not used. Table 5 shows the ArcMap shapefiles that were used in the training site 
process to help delineate land use types on the composite satellite image for 
supervised classification, along with the sources of the shapefiles. The maps 
displaying the shapefiles obtained from the Essex Region Conservation Authority 
can be found in Appendix D. Figure 19 – Figure 25 show the supervised 
classification process results from the user input.  
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Shapefile Year Digitized Source 
Phragmites 1989; Phragmites 2009 2011 Jovana Ilic 
Natural Areas 
2008 Essex Region Conservation 
Authority 
Agri_Landuse 
2008 Essex Region Conservation 
Authority 
ESA (Environmentally Significant 
Areas) 
2006 Essex Region Conservation 
Authority 
ERCA_SOLRIS (Southern Ontario 
Land Resource Information System) 
2003 Essex Region Conservation 
Authority 
2008_Roads 
2008 Essex Region Conservation 
Authority 
Table 5: Shapefiles used in the training site process. 
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1992 Digitization: 
 
Figure 19: Digitization of land features, 1992 image. 
 
 
 
 
 
 
 
 
 
 55 
 
1995 Digitization 
 
Figure 20: Digitization of land features, 1995 image. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 56 
 
1998 Digitization: 
 
Figure 21: Digitization of land features, 1998 image. 
 
 
 
 
 
 
 
 
 
 
 57 
 
2001 Digitization: 
 
Figure 22: Digitization of land features, 2001 image. 
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2004 Digitization 
 
Figure 23: Digitization of land features, 2004 image. 
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2007 Digitization:  
 
Figure 24: Digitization of land features, 2007 image. 
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2009 Digitization: 
 
Figure 25: Digitization of land features, 2009 image. 
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Signature Creation 
In order to provide a comparison amongst all bands for each land cover 
type, a signature file of the each training site digitized of each year was created 
using the MAKESIG operation from “Image Processing/Signature Development” 
menu. The vector file “trainingxxxx” (where xxxx is the image year) was selected 
as the vector file defining the training sites data. Signature file names were 
entered as shown in Figure 26.  
 
Figure 26: Signature filenames for each training site ID. 
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Signature Comparison 
In order to assess how well the different signatures created during the 
MAKESIG process are expressed and how well each signature is able to be 
distinguished in each band, the SIGCOMP module was used to produce a chart 
showing the various signature comparisons among bands.  
Within the module SIGCOMP, which is found in “Image Processing/ 
Signature Development”, the signature training group was selected as the 
signature file for each year separately. “Mean” was chosen as display type as it 
best displays the comparison between reflectance of each signature within each 
band (Figure 27).  
 
Figure 27: SIGCOMP window - input specifications. 
 
The following illustrates the signature comparisons among all 6 bands 
within each study year.  
  
63
 
1992 1995 
 
 
1998 2001 
 
 
 
 
  
64
 
2004 2007 
 
 
2009  
 
 
 
 65 
 
 It can be seen within the charts that, amongst all the years, either band 4 
or band 5 is best to delineate between the five classes, or signatures. These two 
bands provide the best separation of the land features for the area. Roads, 
shown in green, has on average a dark response value over all years, whereas 
agricultural land, shown in pink, has a bright response value only within bands 4 
and 5. Phragmites and wooded areas are shown to produce similar response 
values within bands 4 and 5, but band 5 shows a greater distinction between the 
two land cover types. 
Supervised Classification – Sub-Classification Techniques 
Several classification techniques were utilized for the identification of 
Phragmites stands within the TM and ETM+ images: minimum distance 
(MINDIST), maximum likelihood (MAXLIKE), and Bayesian soft classifier 
(BAYCLASS). However, maximum likelihood classification was chosen because 
it is the most powerful method in IDRISI, as well as a better method for training 
sites with a large sample size and better method for mixed pixels. Maximum 
likelihood classification is based on Bayesian probability theory, evaluating the 
probability of pixels belonging to a category and classifying that pixel(s) with the 
highest probability to the category (Clark Labs, 2007). This is the most common 
supervised classification used within remote sensing studies of vegetation. Using 
maximum likelihood, all pixels in the image are assigned to a signature class, 
which was developed during signature creation.  
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The training sites used in the supervised classification procedure serve as 
a guide to assigning the remaining image pixels to a class using MAXLIKE, which 
is located in Image Processing/Hard Classifiers menu of Idrisi (Figure 28).  
 
Figure 28: MAXLIKE window - input specifications. 
The output image display the features on the ground that are classified 
using the signatures developed above (Figure 29). As can be seen in the image, 
built-up/urban land and roads are clearly delineated in a cyan blue colour, rural 
and agricultural land are delineated in red, areas that have trees present are 
shown in dark blue, and areas which are shown to have an occurrence of 
Phragmites are shown in yellow.  See Appendix E for maximum likelihood 
classification results of subsequent study years.   
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Figure 29: MAXLIKE output image for 1992. 
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CHAPTER 5 
RESULTS AND DISCUSSION 
 
5.1 Digital Conversion and Processing 
In order to process the change detection of Phragmites using the output 
imagery obtained from maximum likelihood process, the raster images were 
required to be imported into ArcMap 9.3 from Idrisi. Because the Idrisi software 
saves raster formats as Idrisi Raster Documentation File (.rdc), ArcMap cannot 
read these files. Thus, the raster files need to be converted into appropriate files 
which can be imported and utilized in ArcMap.  
All of the raster files were converted into American Standard Code for 
Information Interchange (ASCII) (.asc) files using ARCRASTER tool in “ESRI 
Formats” under “Export>Software Specific Formats” within Idrisi software (Figure 
30). The ASCII format is used as an export format due to the simple and portable 
structure of these files. It is also an easy format to convert to a raster in ArcMap. 
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Figure 30: ARCRASTER module - input specifications. 
Within ArcMap, “ASCII to raster” tool was used to convert the raster image into 
an ArcMap raster file. This tool is located in “Conversion tools” of ArcToolbox. 
“Output data type” was left at default: INTEGER. All seven rasters were imported 
into ArcMap. In order to better detect land cover change, each raster was 
converted into a polygon shapefile using “Raster to Polygon” tool located in 
“Conversion tools” of ArcToolbox. This converted the raster image into a single 
polygon feature. These converted images were imported accurately with no 
missing data. After converting the rasters into polygon shapefiles, a data field 
was added to the attribute table labelled as “Sh_Area_ha” to allow for the 
calculated total area of each polygon (Figure 31).  
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Figure 31: Attribute table of 1992 converted polygon. 
The total area of the shapefile was calculated using the “Calculate Geometry” 
function in the attribute table by right-clicking on the “Sh_Area_ha” field and 
selecting “Calculate Geometry”. “Area” was selected as the property, the same 
coordinate system as the data source was used, which is UTM Zone 17N, and 
“Hectares” was selected as the units (Figure 32). In addition, no projection was 
lost during the conversion process stated above, as the coordinate system was 
retained as being UTM Zone 17N, which is seen in Figure 32.  
 
Figure 32: Calculate Geometry function window in ArcMap. 
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5.2 Patterns of Invasion 
Using the methods of “Calculate Geometry” from section 5.1, a table was 
produced with the total area of Phragmites in hectares for each study year, from 
1989 through 2009 (Table 6). As noted previously, the study area has a total 
area of 1550.84 ha. Within the table, the percent study area column was derived 
by a simple division of the recorded area of each year by the total study area. At 
the beginning of the study period, in 1989, the total aerial coverage of 
Phragmites in River Canard was 150.33 ha, which is 10% of the total study area. 
By 2009, the total Phragmites coverage was 24% of the study area. 
Study Year Image Type Phragmites Area (ha) % Study Area 
1989 Aerial 150.33 9.7% 
1992 TM 345.87 22.3% 
1995 TM 418.69 27.0% 
1998 TM 492.12 31.7% 
2001 ETM+ 337.68 21.8% 
2004 TM 252.18 16.3% 
2007 TM 292.23 18.8% 
2008 Aerial 152.39 9.8% 
2009 TM 367.20 23.7% 
Table 6: Summary statistics for Phragmites area and study site coverage in River Canard. 
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5.3 Accuracy of Air Photo Interpretation 
The 2008 raster air photo used in the study has a high pixel resolution of 
0.10 metres, as noted in Chapter 3, whereby each pixel covers approximately 
0.01 squared metres on the ground. Due to this high resolution, Phragmites 
stands were easily identified for digitization processing. It must be noted that 
some areas were not included or were not digitized where there were a mixture 
of Phragmites and other wetland vegetation, in particular cattails. The main 
reasons for this were to focus on the accuracy and ability to observe smaller 
stands of Phragmites with the use of satellite imagery. By using the GPS points 
from the field study, this further increased Phragmites stands accuracy by 
allowing for true location of Phragmites stands. As noted in the previous chapter, 
Phragmites stands of less than 900 squared metres were not included in the 
study. This allowed for a focus on larger Phragmites stands, which have a 
greater impact on the surrounding landscape and vegetation.   
It was difficult to determine and delineate many Phragmites stands within 
the 1989 black and white air photos due to the poor pixel resolution as well as 
the different levels of gray shading. In order to delineate Phragmites stands 
within the 1989 image, a shapefile of the 2008 image was used along with the 
GPS points collected during field work as a guide during analysis and 
processing. For the 2008 raster image, Phragmites stands of greater than 900 
squared metres were first digitized in ArcMap, creating a shapefile named 
“Phragmites_2008”. Using this shapefile as a guide overlaid on the 1989 air 
photos, the 1989 Phragmites stands were delineated and digitized within the air 
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photos, creating a shapefile named “Phragmites_1989”. An example of this 
process can be seen in Figure 33.   
 
 
Figure 33: Example of how Phragmites stands were delineated in 1989 (top, orange 
outline) using the 2008 shapefile (bottom, orange fill). 
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In order to assess the accuracy of both the aerial photo interpretation as 
well as the supervised classification results, it would be best to have a satellite 
image from the same year as the aerial photo image. However, a 1989 or 2008 
satellite image was not obtained. Thus in order to simulate the same effect on the 
aerial photo results as from a supervised classification map, a 30 metre by 30 
metre grid was obtained using a satellite raster image and a tool within ArcMap 
to extract the shapefile of the cells from the satellite image. This shapefile grid, 
which consists of approximately 17,232 tiles that each encompasses a 900 
metres squared area, was used to simulate the same effect as a satellite image 
would. Using the “Select By Location” tool in ArcMap, any area from the digitized 
shapefiles that intersects with any cell from the grid would be selected and later 
filled to represent that area as being “Phragmites”. The simulated areas for both 
years are shown in Figure 34 as well as in Appendix B. This produces a higher 
area of Phragmites stands, producing 248.89 hectares as compared to the 
150.33 observed for the 1989 year, and 268.33 hectares as compared to the 
152.39 observed for the 2008 year.  
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2008 
 
Figure 34: Simulated 1989 and 2008 shapefiles using grid. 
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While smaller Phragmites stands were able to be classified in the 2008 
image, it is the black and white interpretation of Phragmites in the 1989 image 
that was a drawback and made the digitization process difficult. This can be seen 
from the similarities in results of Phragmites areas from Table 6, with 150.33 ha 
observed in 1989 and 152.39 ha observed in 2008. Thus this is the human error 
associated in classifying the correct Phragmites stands. Photo interpretation was 
used to assess what Phragmites stands look like using the gray shading and 
particular characteristics of Phragmites stands within the image. For example, it 
is the medium gray tone and the granular appearance within the air photos that 
distinguished Phragmites stands from other lowland vegetation or woodlands 
within the 1989 air photos. However, having mixed wetland vegetation along with 
Phragmites within an area is difficult to distinguish between the different 
vegetation types, which might have resulted in similarities between the two air 
photo years. 
5.4 Accuracy of Satellite Imagery 
The satellite imagery used in the study has a pixel resolution of 30 
metres, whereby each pixel covers 900 squared metres. Due to the large area 
that a single pixel covers, this could possibly lead to the problems of “mixed 
pixels” – where a single pixel contains a combination of several features. 
However, for a reliable discrimination of the ground cover, in this case 
Phragmites, the stands should cover an area larger than the size of several 
pixels to increase accuracy and reduce the mixed pixel problem. One way to 
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resolve the problem of mixed pixels is to select smaller and more realistic training 
sites. The training sites must be supplemented with accurate ground truthing. 
An assessment of the accuracy of the classification process of each 
satellite image produced was conducted by comparing the training data land 
cover on each satellite image to what is found in the field. A statistical 
assessment of accuracy for the area was conducted using ERRMAT module in 
Idrisi located in “Image Processing” menu under “Accuracy Assessment.” The 
ERRMAT module produces an error matrix to assess the relationship between 
mapped categories and true values using the classified image and the image 
containing true data from training sites, as conducted in Chapter 4 (Eastman, 
2003). Within this module, the “trainingxxxx” file was inserted as the Ground 
Truth Image, and “maxlike_xxxx” as the Categorical Map Image. This procedure 
was conducted for each of the seven classified satellite images. There are three 
output accuracy measures of the classification procedure: 
Error of Omission: Pixels that represent a Phragmites patch but were classified 
as another land feature class. This is also known as producer’s accuracy. 
Error of Commission: Pixels that represent one class but were improperly 
assigned as a Phragmites patch.  This is also known as user’s accuracy. 
Kappa Index of Agreement: Measures the difference between the actual 
agreement between the two sets of data and the chance agreement between 
these sets of data (Eastman, 2003). 
An example of the error matrix table output is shown for the 2009 image in Table 
7. 
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 maxlike_2009 
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Land Feature Roads/
Urban 
Water Phragmites Rural/ 
Agriculture 
Wooded 
Area 
Total ErrorC 
% 
Roads/Urban 673 4 67 183 1 928 27.48 
Water 0 866 31 0 0 987 3.46 
Phragmites 52 40 892 95 41 1120 20.36 
Rural/Agriculture 79 0 13 3923 15 4030 2.66 
Wooded Area 0 2 103 28 449 582 22.85 
Total 804 912 1106 4229 506 7557  
ErrorO (%) 16.29 5.04 19.35 7.24 11.26  9.98 
Table 7: Error Matrix of 2009 TM Image, where ErrorO is Errors of Omission and ErrorC is 
Errors of Commission. 
From Table 7, it can be seen that within the 2009 image, 228 points that 
were truly another land-cover type (in this case roads/urban, water, rural/ 
agriculture and wooded area) were classified as Phragmites instead. This 
misclassification, or error of commission, resulted in a 20% error of commission, 
or 80% user’s accuracy. In addition, there was a similar error of omission of 19% 
where 214 points that were found to be Phragmites were classified as another 
land cover type (roads/urban, water, rural/agriculture and wooded area), giving a 
producer’s accuracy of 81%. This error of omission indicates that Phragmites 
areas may have been “over-classified” by some degree during the classification 
stages of the final image. This may have been caused by including areas of other 
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land-cover classes within the training sites during the supervised classification 
procedure. While shapefiles were used during the supervised classification 
procedure, as described in section 4.3.2, the potential reasoning for the 
misclassification of Phragmites could be the result of the 30 metre pixel size. This 
could be improved by producing fewer training sites with smaller aerial coverage. 
The overall error of the classification was 10%, or 90% accurate.  
In addition to the error matrix, the module also calculated the Kappa 
Index of Agreement (KIA) results, which is shown in Table 8 for the 2009 image.  
Land Feature maxlike_2009  
Kappa Coefficient 
training2009  
Kappa Coefficient 
Roads/Urban 0.6925 0.8143 
Water 0.9607 0.9428 
Phragmites 0.7615 0.7728 
Rural/Agriculture 0.9397 0.8450 
Wooded Area 0.7551 0.8780 
Overall Kappa: 0.8459 
Table 8: Kappa Index of Agreement Results. 
Kappa values range from -1 to 1 and indicate the amount of similarity, or 
agreement as noted in some literature, between the two images that occurs from 
chance, where a value equal to 1 indicates perfect prediction, a value equal to 0 
indicates agreement equal to chance, and a value less than 0 indicate 
disagreement below chance (Green and Salkind, 2000).  As can be seen in 
Table 8, the kappa values of Phragmites are 0.76 and 0.77 between the training 
data and the classified image. The overall kappa value is 0.8459, which is 
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considered to be relatively good, and is close to the value of 1 which indicates 
perfect prediction.  
The following table shows the overall classification accuracy of the 
satellite images for each year. The individual results for each year and each land 
cover category are shown in Appendix F.  
Band Years Overall 
Accuracy (%) 
Kappa 
Coefficient 
TM 1992  79.52 0.6625 
TM 1995  86.82 0.6765 
TM 1998  77.49 0.7012 
ETM+ 2001 83.16 0.7749 
TM 2004  90.39 0.8550 
TM 2007  90.24 0.8567 
TM 2009  90.02 0.8459 
Table 9: Accuracy of the spectral classification for the satellite images. 
As can be seen in Table 9, the Kappa coefficient has progressively 
increased from 1992 to 2009.  This shows an increased accuracy in classification 
since 1992. As noted in Chapter 4, the 1989 and 2008 air photo images were 
used as a guide for classifying land cover within the region. Due to the poor 
resolution of the 1989 image, land features were not as easily identifiable.  This 
resulted in a poor guide during the supervised classification process within the 
1990s TM images and lead to a low kappa value within the first few TM image 
years. The 2008 image has a higher resolution and thus was a superior guide 
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during the supervised classification process within the 2007 and 2009 TM 
images, resulting in higher kappa coefficient values. The increasing kappa 
coefficient results support the acceptance of the hypothesis stated in Chapter 1, 
showing that Phragmites cover has increased over time within the study period. 
To further analyze the accuracy of the supervised classification process, 
Phragmites was compared to another land cover type: rural/agriculture. Reasons 
for this selection include a consistently high kappa coefficient throughout the 
study period, and similarity between appearance of agricultural crops to 
Phragmites stands. To compare, Phragmites and rural/agriculture kappa 
coefficients are shown in the following table.  
Band Years Phragmites Kappa 
Coefficient 
Rural/Agriculture 
Kappa Coefficient 
TM 1992  0.2966 0.9430 
TM 1995  0.3272 0.9726 
TM 1998  0.4215 0.9372 
ETM+ 2001 0.5625 0.8838 
TM 2004  0.7021 0.9288 
TM 2007  0.7192 0.9342 
TM 2009  0.7615 0.9397 
Table 10: Kappa Coefficients of Phragmites and Rural/Agriculture within study period. 
As can be seen from Table 10, kappa coefficients for rural/agriculture are 
comparatively similar throughout the study period, averaging to 0.9342. This 
shows that the supervised classification procedure within Idrisi stayed consistent 
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at recognizing and classifying areas of like reflectance values as rural/agriculture. 
In addition, due to the large areas of this land cover as well as the resolution of 
the remote sensing images, the software accurately classifies this type of land 
cover. Alternatively, from Table 10, the kappa coefficient of Phragmites increases 
steadily throughout the study years, and has an average kappa coefficient of 
0.5415. The steady increase of the kappa coefficient allows the inference to be 
made that Phragmites land cover is increasing. 
Overall, the aerial coverage of Phragmites has increased between 1989 
and 1995 but slightly declined and stayed consistent thereafter. There have been 
fluctuations in Phragmites coverage, as shown in the supervised classification 
map. These could possibly be the result of classification of other marshland 
vegetation being identified as Phragmites stands. The area was known to have 
extensive cattails occurrence during the early 1990s, and while there is still some 
presence of cattails within the region, parts of the study area are comprised of a 
mixture of cattails and Phragmites. The overall aerial coverage of Phragmites 
can be seen in Figure 35.  
  
Figure 35
 
 
To further assess the changes in 
years, a logarithmic growth equation was used. 
measure of the rate of growth of a population
changes over time within small areas are more comparable to area changes over 
time within large areas (Rice et al., 2000). The expression used for the 
logarithmic growth equation is:
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The equation was solved for r, the rate of growth, which is the intrinsic 
rate of increase calculated for the entire study area for each study year. The 
results of historical changes in Phragmites area and rate of growth () is shown 
in Table 11. The simulated shapefiles, as explained in section 5.3, are shown in 
Table 12. From the logarithmic growth equation, there has been an increase in 
Phragmites stands from 1989 to 1998, with a small decrease in area of 13% from 
1998 to 2001, followed by a substantial decline in Phragmites between 2001 and 
2004 (-10%/yr). Phragmites area had stayed constant between 2004 and 2007, 
followed by a drop in area of 65% over the course of a year from 2007 through 
2008, and an increase in area of 87% from 2008 and 2009. One reason for this 
decrease and increase of the same area could be a result of either poor air photo 
interpretation or misinterpretation from the supervised classification process of 
the satellite images. Phragmites changes over the 2 decade study years are 
shown in Figure 36, with the simulated shapefiles from section 5.3 included for 
the 1989 and 2008 years.  
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River 
Canard 
Phragmites Area (ha) Rate of Increase/Decrease in Area () 
1989 1992 1995 1998 2001 2004 2007 2008 2009 1989-
1992 
1992-
1995 
1995-
1998 
1998-
2001 
2001-
2004 
2004-
2007 
2007-
2008 
2008-
2009 
150.33 345.87 418.69 492.12 337.68 252.18 292.23 152.39 367.20 0.28 0.06 0.05 -0.13 -0.10 0.05 -0.65 0.87 
Table 11: Historical changes in aerial coverage of Phragmites in River Canard, 1989-2009 using original data. 
 
 
 
 
 
 
 
 
River 
Canard 
Phragmites Area (ha) Rate of Increase/Decrease in Area () 
1989 1992 1995 1998 2001 2004 2007 2008 2009 1989-
1992 
1992-
1995 
1995-
1998 
1998-
2001 
2001-
2004 
2004-
2007 
2007-
2008 
2008-
2009 
248.89 345.87 418.69 492.12 337.68 252.18 292.23 268.33 367.20 0.11 0.06 0.05 -0.13 -0.10 0.05 -0.09 0.31 
Table 12: Historical changes in aerial coverage of Phragmites in River Canard. 1989-2009 using simulated 1989 and 2008 shapefiles. 
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Figure 36: Phragmites distribution in River Canard, 1989-2009. 
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5.5 Discussion and Conclusion 
The need to map out the invasive spread of Phragmites in River Canard 
is of benefit given the dynamic nature of the study area environment and its 
history of wetland vegetation dominance. This research served to fulfill the 
objectives established in this thesis, showing the effective delineation changes in 
Phragmites stands within River Canard using remote sensing imagery and aerial 
photography, which identified, visualized and quantified the spread of Phragmites 
within the study area. Overall, total aerial coverage of Phragmites has increased 
between the 20 study years, as was hypothesized at the beginning of this thesis. 
The results of the kappa coefficient as well as the logarithmic growth equation 
further support the acceptance of the hypothesis.  
The incorporation of high resolution air photography in this thesis was of 
benefit to effectively assess what the spread of Phragmites was in 1989 and 
2008. By having these accurate results, it allowed for better delineation during 
supervised classification methods of the satellite images. The combination of 
bands 3, 4 and 5 served as a greater identification of Phragmites stands due to 
strong vegetation identification of this band combination. While there has not 
been an implemented control program within the study area, there appears to be 
little threat of greater domination within the River Canard watershed. With the 
patterns presented in this thesis, Phragmites will continue to vegetatively expand 
along upland edges and within the study area if no control measures are taken or 
no new vegetation is introduced to help control the spread of Phragmites.  
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Due to the high resolution of the air photographs, it served as an 
effective method for accurately mapping Phragmites stands between the two air 
photo years. Given the scale of the 1989 aerial photographs, noted as 1:8,000 in 
Chapter 2, the total area covered by each 25x25cm image is approximately 400 
hectares. The total span of the satellite images were calculated using ArcMap, 
whereby a polygon was created encompassing the border of the satellite image. 
This polygon shapefile was calculated as having a total area of 3.55x106 ha.  
The main focus of this thesis was to delineate Phragmites stands within 
River Canard, and to assess the accuracy of the delineation process with the use 
of remote sensing imagery. This required using the techniques embedded in the 
software, specifically ERRMAT, to assess the accuracy. A universal procedure, 
the kappa coefficient, was used to show the time changes in coefficients of 
Phragmites stands. An overall kappa coefficient average of 0.7675 shows that 
there is a strong correlation between the classified image and actual Phragmites 
stands on the ground. The increase in kappa coefficient for each year further 
allows for the acceptance of the hypothesis that Phragmites has increased in 
area within the study area. Results from the logarithmic growth equation also 
show there has been an increase in Phragmites within the study area. 
The greatest limiting factor in effectively delineating Phragmites stands 
appears to be the misclassification of varying wetland vegetation with Phragmites 
stands. The remote sensing images selected for this thesis were acquired in the 
late summer months of August and early September. In these months, 
Phragmites and other wetland vegetation have all reached maturity and their 
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spectral responses may be similar (Arzandeh and Wang, 2003). Another limiting 
factor is the spatial resolution of the remote sensing imagery in comparison to the 
size and shape of Phragmites stands within the area. Given the aerial coverage 
of the remote sensing images, these remote sensing images may not be 
applicable for small stands of Phragmites. Thus, future research with a small 
aerial coverage of Phragmites would not benefit from using satellite imagery in 
the analysis due to the poor resolution of the sensors. An alternative to these 
studies would be to obtain satellite images with a better resolution in order to 
include Phragmites stands of several pixels in size.  
In order to assess the accuracy of the classified maps from both aerial 
photography and satellite images, it would be a benefit to incorporate variables 
that are known to have an effect on the growth of Phragmites, such as change in 
lake levels from Detroit River, change in temperature, and soil composition 
through the years. By comparing data from environmental factors with the 
classified maps, it can be determined what factor(s) have an effect on 
Phragmites distribution in River Canard. It can also provide reasons and an 
assessment of accuracy for this change that was observed in this thesis.   
This thesis serves as a starting point in identifying Phragmites coverage 
within River Canard, due to a lack of studies conducted within the area. The 
results in this thesis show the benefits of utilizing both satellite imagery and aerial 
photography in order to delineate historical Phragmites stands for the purpose of 
current and future resource and watershed management studies. Satellite remote 
sensing has the technical advantage for species level studies, and is shown in 
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the high correlation results obtained in this thesis. These techniques are useful in 
showing that remote sensing is effective for this study and are good at providing 
vital conclusions for vegetation studies. As technology advances, the costs of 
obtaining satellite imagery are becoming cheaper and more possible for ongoing 
monitoring programs and research.  
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Appendix A: Aerial photo coverage footprint.  
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Appendix B: Digitized Shapefiles 
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Appendix C: Unsupervised Classification - Cluster analysis results.  
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Appendix D: ERCA Shapefiles 
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Appendix E: Supervised Classification – Maximum Likelihood Results 
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Appendix F: ERRMAX Results 
 maxlike_1992 
Tr
a
in
in
g1
99
2 
Land 
Feature 
Roads/ 
Urban 
Water Phragmites Rural/ 
Agriculture 
Wooded 
Area 
Total ErrorC 
% 
Roads/ 
Urban 
710 22 30 343 4 1109 35.98 
Water 5 1471 8 1 0 1485 0.94 
Phragmites 37 56 336 559 40 1028 67.32 
Rural/ 
Agriculture 
66 10 10 5368 14 5468 1.83 
Wooded 
Area 
1 2 69 879 486 1437 66.18 
Total 819 1561 453 7150 544 10527  
ErrorO (%) 13.31 5.77 25.83 24.92 10.66  20.48 
 
Land Feature maxlike_1992  
Kappa Coefficient 
Training1992  
Kappa Coefficient 
Roads/Urban 0.6099 0.8512 
Water 0.9889 0.9329 
Phragmites 0.2966 0.7138 
Rural/Agriculture 0.9430 0.4814 
Wooded Area 0.3021 0.8765 
Overall Kappa: 0.6625 
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 maxlike_1995 
Tr
a
in
in
g1
99
5 
Land 
Feature 
Roads/
Urban 
Water Phragmites Rural/ 
Agriculture 
Wooded 
Area 
Total ErrorC 
% 
Roads/ 
Urban 
426 9 45 777 6 1263 66.27 
Water 3 1328 8 4 0 1343 1.12 
Phragmites 38 49 618 988 45 1738 64.44 
Rural/ 
Agriculture 
38 0 10 12328 14 12390 0.50 
Wooded 
Area 
0 1 58 215 498 772 35.49 
Total 505 1387 739 14312 563 17506  
ErrorO (%) 15.64 4.25 16.37 13.86 11.55  13.18 
 
Land Feature maxlike_1995 
Kappa Coefficient 
Training1995 
Kappa Coefficient 
Roads/Urban 0.3176 0.8314 
Water 0.9879 0.9539 
Phragmites 0.3272 0.8182 
Rural/Agriculture 0.9726 0.5257 
Wooded Area 0.6333 0.8792 
Overall Kappa: 0.6765 
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 maxlike_1998 
Tr
a
in
in
g1
99
8 
Land 
Feature 
Roads/
Urban 
Water Phragmites Rural/ 
Agriculture 
Wooded 
Area 
Total ErrorC 
% 
Roads/ 
Urban 
504 4 29 129 1 667 24.44 
Water 0 1082 21 4 0 1107 2.26 
Phragmites 65 36 607 482 29 1219 50.21 
Rural/ 
Agriculture 
39 11 1 1667 6 1724 3.31 
Wooded 
Area 
5 18 58 282 339 702 51.71 
Total 613 1151 716 2564 375 5419  
ErrorO (%) 17.78 5.99 15.22 34.98 9.60  22.51 
 
Land Feature maxlike_1998 
Kappa Coefficient 
Training1998 
Kappa Coefficient 
Roads/Urban 0.7245 0.7972 
Water 0.9713 0.9247 
Phragmites 0.4215 0.8036 
Rural/Agriculture 0.9372 0.4869 
Wooded Area 0.4445 0.8897 
Overall Kappa: 0.7012 
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 maxlike_2001 
tr
a
in
in
g2
00
1 
Land 
Feature 
Roads/
Urban 
Water Phragmites Rural/ 
Agriculture 
Wooded 
Area 
Total ErrorC 
% 
Roads/ 
Urban 
464 8 10 216 4 702 33.90 
Water 
  0 1262 8 0 0 1270 0.63 
Phragmites 5 28 636 305 50 1024 37.89 
Rural/ 
Agriculture 
52 0 53 1881 26 2012 6.51 
Wooded 
Area 
0 0 68 141 567 776 26.93 
Total 521 1298 775 2543 647 5784  
ErrorO (%) 10.94 2.77 17.94 26.03 12.36  16.84 
 
Land Feature maxlike_2001  
Kappa Coefficient 
training2001  
Kappa Coefficient 
Roads/Urban 0.6274 0.8755 
Water 0.9919 0.9645 
Phragmites 0.5625 0.7821 
Rural/Agriculture 0.8838 0.6008 
Wooded Area 0.6967 0.8572 
Overall Kappa: 0.7749 
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 maxlike_2004 
tr
a
in
in
g2
00
4 
Land 
Feature 
Roads/
Urban 
Water Phragmites Rural/ 
Agriculture 
Wooded 
Area 
Total ErrorC 
% 
Roads/ 
Urban 
801 25 25 269 14 1134 29.37 
Water 10 1088 4 0 0 1102 1.27 
Phragmites 40 23 513 83 49 708 27.54 
Rural/ 
Agriculture 
113 0 6 3704 5 3828 3.24 
Wooded 
Area 
3 6 17 28 664 718 7.52 
Total 967 1142 565 4984 732 7490  
ErrorO (%) 17.17 4.73 9.20 9.30 9.29  9.61 
 
Land Feature maxlike_2004 
Kappa Coefficient 
training2004 
Kappa Coefficient 
Roads/Urban 0.6628 0.7977 
Water 0.9850 0.9446 
Phragmites 0.7021 0.8984 
Rural/Agriculture 0.9288 0.8097 
Wooded Area 0.9166 0.8973 
Overall Kappa: 0.8550 
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 maxlike_2007 
tr
a
in
in
g2
00
7 
Land 
Feature 
Roads/
Urban 
Water Phragmites Rural/ 
Agriculture 
Wooded 
Area 
Total ErrorC 
% 
Roads/ 
Urban 
1079 22 51 176 6 1334 19.12 
Water 8 986 12 0 1 1007 2.09 
Phragmites 28 10 637 52 76 853 25.32 
Rural/ 
Agriculture 
105 0 3 3649 12 3769 3.18 
Wooded 
Area 
4 0 51 81 568 704 19.32 
Total 1274 1018 754 3958 663 7667  
ErrorO (%) 15.31 3.14 15.52 7.81 14.33  9.76 
 
Land Feature maxlike_2007 
Kappa Coefficient 
training2007  
Kappa Coefficient 
Roads/Urban 0.7708 0.8147 
Water 0.9760 0.9638 
Phragmites 0.7192 0.8254 
Rural/Agriculture 0.9342 0.8464 
Wooded Area 0.7885 0.8422 
Overall Kappa: 0.8567 
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 maxlike_2009 
tr
a
in
in
g2
00
9 
Land 
Feature 
Roads/
Urban 
Water Phragmites Rural/ 
Agriculture 
Wooded 
Area 
Total ErrorC 
% 
Roads/ 
Urban 
673 4 67 183 1 928 27.48 
Water 0 866 31 0 0 987 3.46 
Phragmites 52 40 892 95 41 1120 20.36 
Rural/ 
Agriculture 
79 0 13 3923 15 4030 2.66 
Wooded 
Area 
0 2 103 28 449 582 22.85 
Total 804 912 1106 4229 506 7557  
ErrorO (%) 16.29 5.04 19.35 7.24 11.26  9.98 
 
Land Feature maxlike_2009  
Kappa Coefficient 
training2009  
Kappa Coefficient 
Roads/Urban 0.6925 0.8143 
Water 0.9607 0.9428 
Phragmites 0.7615 0.7728 
Rural/Agriculture 0.9397 0.8450 
Wooded Area 0.7551 0.8780 
Overall Kappa: 0.8459 
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Appendix G: Supervised Classification Error Example 
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